SUMMARY
Viral rebound upon stopping combined antiretroviral therapy poses a major barrier toward an HIV cure. Cellular and anatomical sources responsible for reinitiating viral replication remain a subject of ardent debate, despite extensive research efforts. To unravel the source of rebounding viruses, we conducted a large-scale HIV-STAR (HIV-1 sequencing before analytical treatment interruption to identify the anatomically relevant HIV reservoir) clinical trial. We collected samples from 11 participants and compared the genetic composition of (pro)viruses collected under treatment from different cellular and anatomical compartments with that of plasma viruses sampled during analytical treatment interruption. We found a remarkably heterogeneous source of viral rebound. In addition, irrespective of the compartment or cell subset, genetically identical viral expansions played a significant role in viral rebound. Our study suggests that although there does not seem to be a primary source for rebound HIV, cellular proliferation is an important driver of HIV persistence and should therefore be considered in future curative strategies.
INTRODUCTION
Although major advances have been made in identifying cells and anatomical compartments that contribute to the HIV latent reservoir, it is still unclear which of these reservoirs are responsible for viral rebound during treatment interruption in vivo (Barton et al., 2016; Chun et al., 2010) . HIV is integrated into the genome of various immune cells, and considerable debate exists about which subset represents the actual latent reservoir, defined as the intact and replication-competent virus capable of viral rebound during treatment interruption (Eisele and Siliciano, 2012; Kandathil et al., 2016) . The therapeutic implications of identifying such a specific reservoir are tremendous because targeting specific anatomical sites and/or cell subsets that harbor the large majority of replication-competent virus may increase the efficiency of HIV cure efforts in patients on longterm suppressive combined antiretroviral therapy (cART) Margolis et al., 2016) .
Although different CD4+ T cell subsets have been identified as major contributors to the HIV-1 reservoir (Chomont et al., 2009; Hiener et al., 2017; Lee et al., 2017b) and different surface markers (CXCR3, CD30, and CD32a) (Banga et al., 2018; Descours et al., 2017; Henrich et al., 2017) and immune exhaustion markers (PD-1, TIGIT, and LAG-3) (Khoury et al., 2017; McGary et al., 2017) have emerged as potential biomarkers for latently infected cells, previous studies have not converged on a clear pattern or predominant subsets responsible for HIV persistence.
Furthermore, lately, the focus has been extended from the blood compartment to cell subsets in lymph node (LN) and gut-associated lymphoid tissue (GALT), which were shown to constitute important sanctuaries for persistent HIV infection (Banga et al., 2016; Barton et al., 2016; Lorenzo-Redondo et al., 2016; Rothenberger et al., 2015) . Overall, this suggests that curative strategies will most likely need to target a broad range of cells in various tissue reservoirs.
The fragmented, and to some extent, inconsistent knowledge about HIV persistence is partly due to restricted access to human tissue, limited sample sizes, and technical limitations. Moreover, viral rebound can only be truly assessed in vivo by an analytical treatment interruption trial (ATI) in fully suppressed HIV-1 infected individuals (Clarridge et al., 2018; Garner et al., 2017) , and better insight in the viral reservoir can be achieved when combined with sequencing techniques to quantitatively and qualitatively assess the reservoir Hiener et al., 2017; Ho et al., 2013; Lee et al., 2017a) . Due to the complexity and ethical considerations associated with ATI, replication competence has mostly been investigated in vitro using the quantitative viral outgrowth assay (qVOA) (Finzi et al., 1997) . However, the in vitro replication competency might be a poor proxy of the in vivo rebound capacity (Bui et al., 2017; Ho et al., 2013; Hosmane et al., 2017) .
The HIV-STAR clinical trial addresses these shortcomings by combining in-depth sampling with cell sorting in 11 chronically infected HIV-1 positive participants on long-term cART and after ATI. In order to conduct in-depth phylogenetic analyses, we generated proviral env V1-V3 sequences from different viral reservoirs (three anatomical reservoirs, seven cell subsets) on cART as well as plasma-derived env sequences before cART (T0), on cART (T1) and after ATI (T2, T3, and T4), employing singlegenome sequencing . This represents the most exhaustive sampling (about >400 sequences per participant) of virus populations from different reservoirs and rebound viruses to date, allowing for a much-needed comprehensive investigation into the origins of rebound viruses.
RESULTS
In-Depth HIV Sampling before and during ATI Twelve HIV-1 positive individuals were included in the study (STAR 1-12; Table S1, see STAR Methods for inclusion and exclusion criteria). STAR 1 was not subjected to the treatment interruption phase and therefore not included in further analyses. The study setup involved sampling of peripheral blood mononuclear cells (PBMCs), GALT, LN, plasma, and cerebrospinal fluid (CSF) on cART (time point 1, T1 in Figure 1 ). CD45+ cells from GALT; central (TCM), transitional (TTM), and effector (TEM) memory and naïve (TN) CD4+ T cells from PBMCs; and memory CD4+ T cell subsets (TCM and TEM) were sorted from LN (STAR Methods; Figure S5 for gating strategy). In addition, plasma was sampled prior to treatment initiation (time point 0, T0), 8 to 15 days after ATI (time point 2, T2), at the first detectable viral load (time point 3, T3), and at rebound (time point 4, T4) ( Figure 1 ). The median time to viral rebound was 21 days (range 15-36). To determine the source of viral rebound, we characterized proviral DNA derived from a broad range of cell subsets (T1) and plasma RNA (T0-T4), and we obtained V1-V3 env sequences using single-genome sequencing . In 5 out of 11 participants, we also managed to obtain RNA sequences from CSF (Table 1) , and for two participants (STAR 4 and 10), we analyzed additional sequence data generated from bone marrow (BM) samples.
To ensure high-quality sequence data in subsequent statistical and phylogenetic analyses, we only included those sequences with a mean quality score of Q20 (99% accuracy) and excluded all defective sequences prior to and following the generation of the contigs (Barton et al., 2016; Ewing and Green, 1998; Josefsson et al., 2012; von Stockenstrom et al., 2015) (see STAR Methods, Table S3 ). For the phylogenetic analyses, recombinant lineages contributing to viral rebound were considered in separate downstream analyses (Martin et al., 2015) . The quality control and filtering steps resulted in a total of 4,329 env sequences (an average of 393 sequences per participant, range 240-535) for further analyses.
In-Depth HIV-1 Reservoir Characterization Shows a Variability in Identical Sequence Expansions, Intact V1-V3 env Sequences, and Infection Rates between Subsets and Compartments
We first sought to identify whether substantial differences existed between cell subsets and anatomical compartments in the extent of identical sequence expansions, provirus intactness within the sequenced region, and infection frequency (Table 1 ; Figure 2 ).
The contribution of the various cell subsets and anatomical compartments to the persistence of HIV infection through cellular proliferation was quantified by the proportion of identical proviral env sequences within each of the different cell subsets. This proportion and its distribution between anatomical sites and Figure 1 . In-Depth HIV Sampling before and during ATI T1 represents the sampling under cART, including tissue sampling and leukapheresis within the same week; upon ATI (day 0 on the x axis), blood samples were taken every 2-3 days. T2 represents the time point of leukapheresis after ATI (8-15 days after day 0); T3 represents the first detectable viral load (>30 copies/mL) and T4 is defined as the time of viral rebound (>1,000 copies/mL or at second measurement of >200 copies/mL). Treatment was re-initiated immediately after the sampling at T4 and participants were intensively monitored until undetectable viral load in plasma was achieved (<20 copies/mL). T0 represents the time of plasma sampling prior to initial treatment initiation. The dots represent the sampling points on cART (blue), off cART (pink). cell subsets were highly variable between participants (effect modification p < 0.001).
Across cell subsets, we found strong evidence for differences in the level of genetically identical HIV sequences (p < 0.001).
Overall within the sample across participants and cell subsets TEM had the highest proportion of identical sequences (p < 0.001, OR = 2.47 95% CI 1.78-3.43); TEM from blood contained more genetically identical V1-V3 env sequences than TEM For each participant and sampling site, at time point 1 (compartment and cell subset) the total number of sequences (N), the number of sequences that were intact in the sequenced region (from V1 to V3) and the number of sequences that were identical within the subset is given as a proportion of the total N. The estimated infection frequency is based on the absolute cell N input and the N of sequences obtained. Infection frequency was presented as positive cells per 10 6 . We also provide the N of intact RNA sequences from plasma and CSF at the different sampling points. sequences from LN (p = 0.02, OR = 1.63 95% CI 1.08-2.46). At the level of anatomical compartments, we found evidence for a higher average proportion of identical V1-V3 env sequences in GALT than the LN and blood (p < 0.001, OR = 1.94 95% CI 1.51-2.50). However, this could be explained by including only CD45+ immune cells in GALT rather than differentiating between TCM and TEM. As rebound viruses can only emerge from intact proviruses, we also scrutinized the proportion of intact V1-V3 env sequences across cell subsets and compartments. We consider the relative proportion of intact viruses in V1-V3 env to reflect relative probabilities to find intact viruses in the subsets. The proportion of genetically intact proviruses (within the V1-V3 env region) varied across the cell subsets (p < 0.001) and across participants (p = 0.04). Within the participants, TN from blood had on average the highest proportion of intact sequences (p = 0.01, OR = 1.81 95% CI 1.15-2.87) followed by TEM from blood (p = 0.02 when comparing to the other subsets excluding TN, OR = 1.70 95% CI 1.08-2.66). There was no evidence for significant variation across the anatomical compartments (p = 0.17).
Estimates of HIV infection frequency of each cell subset were also found to heavily depend on the individual participant (effect modification with cell subsets p < 0.001). On average, TEM from blood or LN and TCM from blood had the highest rate of infection (OR = 2.67 95% CI 2.45-2.92 for TEM blood or LN and TCM from blood combined against all others, p < 0.001) while TN had the lowest.
Overall, these results paint a complex reservoir picture with broad seeding and important inter-participant variability, with TEM frequently harboring high levels of genetically identical and intact proviruses. Table 1 
, Sorted by Cell Subset
The y axis respectively shows the total N of sequences, the proportion of intact and identical sequences and the log-transformed infection frequency. The legend indicates the color used for each participant.
Heterogeneous Cellular and Anatomical Reservoir Contributions to HIV Rebound
To further characterize the sources of viral rebound during ATI, we performed phylogenetic reconstruction for the viral population in each participant. Figure 3 shows the phylogenetic trees from 3 participants (trees from all participants are provided in Figure S1A ). Overall, the phylogenetic diversity was relatively low, as reflected by an expected pairwise number of env V1-V3 substitutions ranging between 3 to 13 across participants, with the exception of STAR 7 with an average of 26 substitutions.
The phylogenetic trees showed a variable degree of intermixing of rebound viruses with proviruses from the different cell subsets and anatomical compartments obtained during cART. Visualizing genetic similarity using haplotype networks further confirmed the diverse origins of the rebound viruses ( Figure S2 ).
To further unravel to what extent specific compartments can act as the source of rebound viruses, we employed a phylogeographic approach that is commonly used in molecular epidemiological research (Bloomquist et al., 2010; Faria et al., 2011) and quantified the rebound virus emergence events from each cell subset. The estimated number of rebound virus emergence events for 3 participants are summarized in a radar plot in Figure 3D and across participants in Figure S4 . These analyses revealed not only a large number of independent rebound events but also a high inter-participant variability in terms of which particular cell subsets were fueling rebound viruses ( Figure S4 ). While TEM in LN dominates in one participant (STAR 8), different cell subsets appeared to contribute to rebound in other participants (STAR 2 and 10) ( Figure 3D ). In line with the scenario of a heterogeneous reservoir seeding and the lack of a consistent pattern in the HIV rebound dynamics, we found that there was also a substantial degree of mixing of viruses across anatomic compartments ( Figures 3A-3C and S1). Using estimates of the phylogenetic association index (Wang et al., 2001) , we further quantify the extent to which sequences cluster by compartment (Table  S2) . Phylogenetic association indices range between 0 for absolute clustering by compartment (no mixing) and 1 for randomized clustering by compartment (panmictic). In line with the degree of phylogenetic intermingling we observe in the trees, our estimates suggest a considerable degree of mixing that significantly deviates from fully structured populations by compartments but also not to the extent that mixing is consistent with randomized clustering.
Interestingly, in 6 out of 11 participants, we found CD45RA+ CD45R0À cells derived from blood to have intact V1-V3 env sequences identical to viral sequences found in plasma after viral rebound. This was observed both as part of a large expansion of genetically identical sequences shared over different cell subsets (Figures 3C and S2B; STAR 10) or as a unique sequence genetically identical to a rebound cluster ( Figures 3A and 3B ). Although these markers were primarily used to sort naïve T cells, we cannot exclude a small fraction of stem memory T Cells (TSCM), which were previously reported to be enriched in HIV (Buzon et al., 2014) . In 2 participants (STAR 4 and 10), we further analyzed additional sequences derived from CD4+ T cells isolated from BM ( Figure S1C ). These sequences are dispersed across the trees and do not show any compartmental structure, nor is their clustering indicative of a particular role in viral rebound. In addition, we analyzed CSF from 5 out of 11 participants; however, the amount of sequences that we obtained was insufficient to use them for downstream analysis ( Figure S1D ).
Cellular Proliferation Is a Driver of Viral Rebound
To investigate the importance of cellular proliferation in the rebound dynamics, we subsequently focused on proviruses from cell subsets at T1 that were genetically identical to a plasma virus after ATI (T2-T3-T4). To illustrate this, we high-lighted the identical sequence expansions that match rebound sequences from T2-T3 or T4 on the phylogenetic trees (Figures 3A-3C, red and blue dashed lines).
We provide a table in the Supplemental Information (Table S4) , which represents the absolute number of sequences that are 100% identical to viral rebound for all participants. In addition, we show the number of sequences with a >99% match to take into account viral and assay error rates. Overall, these data revealed that cell subsets with large expansions of identical sequences (presumably clonally expanded) contain a higher proportion of sequences that were identical to rebound plasma virus (p = 0.003); this strongly suggests a role of cellular proliferation as a driver for viral rebound. Although we could not consistently identify a specific cellular or anatomical compartment responsible for viral rebound based on phylogenetic relationships and we observe a high inter-participant variability, these data confirm that effector memory CD4+ T cells (TEM) contribute to the latent reservoir, as this cell subset showed the highest proportion of identical sequence expansions (as previously discussed and illustrated in Table 1 ).
To identify differences between cellular and anatomical compartments, we looked at the magnitude of contributions to rebound as measured by the proportion of proviral sequences that are identical to plasma sequences after ATI from different Within-host ancestor-descendant relationships between the viruses from different cell types for 3 participants and a radar plot representing the variability in viral rebound source.
(A-C) Maximum likelihood phylogenetic trees from three selected participants representing the sequences from T1 cell subsets from blood (TCM, TEM, TTM, and TN), LN (TCM and TEM), and GALT (CD45+ cells) before ATI. Plasma viruses from time points T2, T3, and T4 are grouped as plasma after STOP cART. The colored strip represents sampling origin for each sequence as indicated by the legend. The trees are drawn to scale and the gray circles represent the branch length from the root expressed as the number of substitutions per site.
The scale values are given in the inset (light gray numbers). The heterogeneity in potential reservoir contribution is indicated by the color mixing in the strip. Identical cellular DNA V1-V3 sequence expansions that are identical to plasma RNA sequences after cART STOP were highlighted in the trees by the bold dashed lines, with the expansions colored in red and blue alternatingly. Trees from all participants are provided in Figure S1 . (D) The radar plot representing, for each of the 3 participants, the estimated number of times that a rebound virus lineage originates from the respective cell subsets (depicted as the numbers from 0 to 35). The legend indicates the color used for each participant. A radar plot across all participants is available in Figure S4 .
anatomical compartments and different cell subsets at the individual sequence level (Table S4 ). When considering 100% matches, we find no evidence for a difference in rebound contributions across anatomical sites at the individual sequence level (p = 0.12). However, when viral and assay error rates > 99% were taken into account, we did find some evidence for a difference (p = 0.028). Here, we observe the blood, gut, and then LN to contribute to rebound, respectively, from low to high, but individual comparisons between these were not significant (p > 0.05). At the individual sequence level, we find evidence that rebound contributions are different across cell subsets both for 100% and for >99% matches (p < 0.001). Although, on average, we observe the order from lowest to highest as CD45 < TCM < TN < TTM < TEM for 100% matches, this was highly variable across participants (effect modification p < 0.001) and changed if >99% matches were considered instead. This result shows that all cell subsets, including TEM, play an important role in viral rebound. We conducted a second analysis where identical sequences were reduced to a single representative sequence to avoid counting the same expansion multiple times ( Figure 4 ; Table S4 ). When taking into account sequence expansions so that identical sequences are only counted once, we no longer find evidence for a difference in rebound contribution across anatomical sites (p = 0.34) or cell subsets (p = 0.28), further indicating that all anatomical compartments and cell subsets are potential sources of viral rebound and that cellular proliferation is an important driver for these rebound events (Figures 3 and 4 ; Table S4 ).
Evidence for Kinetic Variability and Stochastic Reactivation of Rebound Viruses after Treatment Interruption
Finally, we investigate in more detail the plasma RNA sequences collected at the different time points T0 > T4). In Figure 5 , we highlight the plasma sequences at the various time points of sample collection in the phylogenetic trees for 3 participants (trees from all participants are provided in Figure S1B ). First, we assessed whether residual viremia during cART can predict the source of viral rebound. In the 6 participants for whom we were able to sequence the plasma virus on cART at T1, we observed two distinct patterns. In most of these individuals, identical viral sequences dominate in the plasma at T1 (Figure 5B , green dashed lines), but in some individuals, we observe multiple unique variants ( Figure 5A , red dashed lines). Remarkably when clones dominate the residual viremia, they were more likely to be identical to virus obtained in the plasma at later time points, suggesting that these viruses represent a part of the infectious reservoir and are able to fuel viral rebound after ATI ( Figure 5B Second, we wondered whether we could observe evolution in the viral sequences collected at different time points after ATI. We found that plasma viruses collected after ATI (T2, T3, and T4) were usually intermixed ( Figure 5C , red dashed lines). Confirming this mixed phylogenetic clustering, we did not find any pronounced phylogenetic association by time point of sampling (Table S2 ). The phylogenetic patterns indicate multiple independent rebound viruses or rebound lineages of highly variable size ( Figure S4 ). Even when the rebound virus was largely represented by a single lineage there remained an extensive intermixing of sequences from the other compartments, which is in line with a heterogeneous reservoir origin ( Figure 5B , red dashed lines; Figure S2A STAR 3 left circle). The nucleotide diversity profiles also show that the rebound virus diversity is generally comparable to or only slightly lower than the genetic diversity of the HIV-1 DNA sequences from the cell subsets and anatomical compartments, which is expected when the virus from multiple cell subsets and anatomical sites contribute to the plasma virus after ATI ( Figures 5D and S3 ).
However, in some participants, we were able to detect distinct patterns of rebound kinetics. In STAR 3, we observe a clear outgrowth of plasma virus over time ( Figure 5B , blue dashed lines; Figure S2A STAR 3 right circle). This is confirmed by the nucleotide diversity analysis, wherein some participants a decrease in nucleotide diversity between T3 and T4 is observed, suggesting enrichment of a particular viral strain over time (Figures 5D and S3) . In some other participants, we observed that plasma RNA sequences at T4 are genetically identical to the HIV-1 DNA sequences sampled at T1, but no genetic match was found between the HIV-1 DNA sequences and the previous plasma-derived RNA sequences from time points T2 and T3 ( Figure S4C ).
DISCUSSION
Overall, the most important finding from this extensive phylogenetic and statistical analyses based on the largest and most indepth sequencing data of the HIV reservoir is that the rebound virus can originate from several cellular and anatomical compartments after treatment interruption. The substantial inter-participant variability further supports that there is no prominent source of rebound viruses. We observed a clear link between the rebound viruses and their source in some participants, whereas in others, there were multiple potential contributors or the source was unclear. This explains why studies of only a few participants have pointed at various sources of rebound viruses, often in an inconsistent manner. The sample size in our study, in terms of the number of participants but importantly also in terms of the number of independent rebound lineages detected in each participant, offers strong support against HIV rebound seeded by a dominant reservoir.
In line with a broad seeding of the reservoir and the lack of clear structure in the HIV rebound dynamics, our results support a substantial degree of mixing of viruses across anatomical compartments. Moreover, our study revealed identical env V1-V3 sequences in different cellular and anatomical compartments, indicating dynamic interchanges between compartments and little evidence for viral evolution or clustering by site. The observed expansions of genetically identical HIV sequences during cART are the result of homeostatic and/or antigen-driven cellular proliferation, rather than resulting from ongoing viral replication (Banga et al., 2018; Kearney et al., 2017; Rosenbloom et al., 2017) . In participants with groups of identical proviral env V1-V3 sequences, our data indicate that these expansions play an important role in viral rebound, confirming that cellular proliferation is a crucial driver of viral persistence, irrespective of the compartment or cell subset (Josefsson et al., 2013; von Stockenstrom et al., 2015; . In this regard, cellular proliferation may further increase TEM contribution to rebound. Interestingly these data also showed that unique cellular sources (A) Bar plots representing the proportion of env sequences from anatomical compartments T1 and plasma T0/T1 (x axis) genetically identical to plasma viruses collected after ATI (T2-T3-T4 combined) (y axis). Sequences obtained from LN and GALT were pooled together. Compartments were compared with T0 and T1 plasma-derived env sequences. Data were normalized for genetically identical expansions. Error bars represent the confidence intervals (CIs). When CIs are presented without bar, this means that we obtained sequences but none were identical. The absence of bars or CIs reflects that this particular data point was missing or we obtained too few sequences (<5) to include it in the analysis. (B) Bar plots from STAR 2->12 representing the proportion of proviral env sequences genetically identical to plasma virus after ATI (T2-T3-T4 combined) (y axis) between the different cell subsets (x axis). The data were normalized for genetically identical expansions within the subsets. Error bars represent the CIs. When CIs are presented without bar, this means that we obtained sequences, but none were identical. The absence of bars or CIs reflects that this particular data point was missing or we obtained too few sequences (<5) to include it in the analysis. such as CD45RO-/RA+ T cells, consisting of a majority (> 90%) naïve T cells (cf. STAR Methods), although we cannot exclude a small fraction of TSCM, which were previously reported to be enriched in HIV (Buzon et al, 2014) and unique anatomical sources such as GALT can contribute to viral rebound. We did not find clear evidence that the presence of viral production during cART can predict the dynamics of viral rebound; however, it can reveal the presence of dominant clones responsible for viral rebound.
In our unique study setup, we assess replication competence by comparing proviral sequences on cART to the rebound sequences in plasma after ATI. Therefore we focused on the highly variable V1-V3 env region ($0.8 kb) (Kearney et al., 2009; von Stockenstrom et al., 2015) , and although we can therefore only account for identical and intactness of the sequenced region, modeling and previous studies have frequently used env sequences as a surrogate and showed that multiple identical env sequences provide a strong support for clonal expansion (Hosmane et al., 2017; Laskey et al., 2016) . Several studies have therefore used the envelope region to identify the source of the rebound viremia (Barton et al., 2016; Lu et al., 2018) .
More recently, new strategies studying near full-length proviral genome sequences are being presented and allow for even more in-depth analysis of the HIV reservoir Hiener et al., 2017; Lee et al., 2017a) ; however, any comparison with rebound plasma-derived HIV RNA in these studies is based on a particular HIV subgenomic region due to the fact that full-length HIV RNA assays are not currently available and therefore do not contribute to a better understanding of rebound dynamics. One of the major problems with full-length sequencing at this stage is the relative paucity of full-length HIV sequences generated, therefore requiring a much higher cellular input. This major challenge is probably the reason why no studies on tissue reservoirs employing near full-length sequencing have been published so far. Although we recognize that implementing such a technique would in theory increase resolution and provide more direct proof of intactness and clonality of the available sequences, the current state-of-the-art cannot strengthen the answer to Shown are maximum likelihood phylogenetic trees highlighting the sequences obtained from plasma RNA at the different time points of sequencing T0, T1, T2, T3, and T4. (A) represents STAR 2 where the red dashed lines represent the many different plasma virus lineages detected at T1, consisting of mostly unique sequences. (B) represents STAR 3 with the green dashed lines representing identical plasma virus expansions at T1 that are identical to plasma viruses collected at later time points T2 and T3 (indicated in purple). The red dashed lines represent proviruses from the reservoir that are identical to sequences found in the plasma at T2 and T3 (indicated in purple and light blue). The blue dashed lines represent T4 rebound viruses, for which the link with the proviral reservoir is less likely in this participant than at T2 and T3. The orange dashed lines show a single rebound virus collected at T4 that is identical to a provirus from GALT. (C) represents STAR 10 where the red dashed lines represent the typical clustering of rebound viruses at T2, T3, and T4 as observed for most participants. The blue dashed lines represent a T4 rebound sequence with identical proviruses from several cell subsets but not observed earlier in the plasma at T2/T3. The green dashed line shows how expansions of virus at T0 persist over time in the reservoir. The total number of rebound events is approximated by the number of ''blue blocks'' (i.e., closely related rebound viruses) in the colored circle surrounding to the phylogenies, as these usually correspond to a single rebound event from the reservoir. However, when identical rebound viruses are also identical to a reservoir virus, that particular reservoir origin will be the most likely inferred state at the parental node of the terminal branches leading to these identical rebound sequences. We mark such lineages that are estimated to have arisen through multiple rebound events with an asterisk. Trees from all participants are provided in Figure S1B . (D) represents for these participants various levels of nucleotide diversity (y axis) in the different compartments and plasma time points (x axis). Nucleotide diversity for all particants is available in Figure S3 . the central research question (Wang and Palmer, 2018) , and we are confident that the strategy we choose is a valuable surrogate for this extensive analysis of the viral reservoir and above all has little impact on our overall conclusion of heterogeneous viral rebound. However, we acknowledge that sequencing a subgenomic region overestimates the number of intact proviruses (Lee et al., 2017b) . Furthermore, without integration site analysis, we are unable to determine if identical V1-V3 env sequences are derived from clonal expansions of the same cell (Cohn et al., 2015) .
Our findings confirm the results of others Salantes et al., 2018; Winckelmann et al., 2017) that only a small fraction of plasma RNA env sequences sampled at ATI (T2-T3-T4) were genetically identical to viral sequences from the cells and anatomical sites sampled at T1 (approx. 20%, with a large range between participants). This suggests that although the origin of the rebound virus is very heterogeneous and diverse, only a small subset of this total pool of infected cells contributes to viremia (Kearney et al., 2016) . Another potential explanation for mismatches between proviral and rebound sequences could be recombination, as discussed by Cohen et al. . Determining the amount of viral recombination that contributes to the rebound virus within the env V1-V3 fragment is challenging to assess. Therefore, to correct for errors made during viral replication and the error rate of the assay, we determined the number of cell-derived sequences with greater than 99% identity to rebound viral sequences. In doing so, we found a significant increase in the number of genetically matching sequences (approximately 70%). However, this analysis did not change the conclusion that viral rebound is heterogeneous and cannot be attributed to one specific reservoir. By doing the >99% analysis, we furthermore took into consideration the potential assay error rate (calculated at 0.011% [Palmer et al., 2005] ) and the potential bias associated with post-rebound diversification. However, based on the short post-rebound period and previous withinhost evolutionary rate estimates this diversification can be considered as negligible. Indeed, if we consider evolutionary rate estimates for a similar env region obtained for 9 patients (Bielejec et al., 2016; Shankarappa et al., 1999) , the highest average rate was estimated to be 0.001 subst/month (or 0.012 subst/year). So, for the longest post-rebound period of 36 days, we expect, on average, 0.0012 subst/site. For an alignment length of about 750 bp, this leads to an expectation of 0.9 substitutions. So, any sequence sampled 36 days postrebound is expected to have accumulated only about one substitution since rebound. In other words, almost all diversity we observed in the post-rebound sequences has already been established. Depending on the participant and the cellular subsets, we see a mostly large amount of rebound lineages. Since immune pressure changes to the virus seem rather unlikely (cf. the analysis done above), we suggest that the main reason is the unique in-depth sequencing in this study providing several anatomical and cellular sources of viral rebound.
Although primer mismatch when sequencing a single and variable subgenomic region can occur, the env primers we used in our assay are HIV-1 subtype B specific and were chosen because they bind to the most conserved regions of the V1-V3 sequences in the Los Alamos HIV database and therefore are not selective for specific viral populations within the HIV-1 subtype B (Kearney et al., 2009) .
While sampling bias can affect genetic analyses and one rebound event over time cannot capture the entire complexity of viral rebound, the substantial number of participants investigated and the depth at which they were sampled ensures that this will have little impact on our overall conclusion. As already suggested by others , our data support stochastic reactivation, in line with our overall hypothesis of heterogenic contributions to rebound viruses.
In conclusion, our comprehensive study clearly demonstrates the complexity of latency mechanisms and the challenges this brings about for strategies aimed at purging the reservoir. Our data show that genetically identical viral expansions play a significant role in viral rebound. Focusing on mechanisms that drive antigenic and homeostatic proliferation of immune cells (Chomont et al., 2009; Hosmane et al., 2017) will be crucial to achieve progress toward an HIV cure. Although recent cure interventions are promising, they also confirm that the response to treatment is heterogeneous among the trial participants and that an individual approach and a better insight into the mechanisms of viral persistence together with in-depth mapping of these latent reservoirs will be necessary to overcome the challenge of random reactivation.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
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LEAD CONTACT AND MATERIALS AVAILABILITY
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact Linos Vandekerckhove (linos.vandekerckhove@ugent.be). This study did not generate new unique reagents.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
The study protocol, experimental design, and recruitment strategy were approved by the Ethics Committee of the University Hospital of Ghent (Belgian registration number: B670201525474). Participants were recruited from the AIDS reference clinic at the Ghent University Hospital based on strict inclusion criteria and after intensive counseling (NCT02641756). Written informed consent was obtained from all participants. Twelve HIV-1 infected, long-term treated participants under chronic ART were included. The median age of the participants was 40y (range 32-56y). Two participants initiated cART during early infection (<6 months, STAR 3 and 5), while the remaining participants received ART during chronic infection (range 1-9 year after seroconversion). One participant was excluded from the second part of the study because of pre-existing resistance to ART, an exclusion criterion for treatment interruption. There were no drop-outs and no deviation from the protocol was reported, except for STAR 4 for which a post-hoc lower CD4 nadir was reported. The study population consisted of 11 male and 1 female subjects. Because of the lack of more female participants, we could not perform relevant analyses on the influence of gender on our study results. Participant characteristics are presented in Table  S1 .
METHOD DETAILS

Inclusion-and Exclusion Criteria
Inclusion and exclusion criteria are presented in NCT02641756 on clinicaltrial.gov. Twelve HIV-1 subtype B-positive individuals on long-term suppressed ART (2-11y), with stable immune reconstitution (normal CD4 count defined as > 500 CD4/ml or >30%) at time of inclusion and suppressed viral load (<20 copies/ml) for at least 2 years were recruited. All participants were treated with cART consisting of an integrase inhibitor combined with a solid backbone (in all cases 2 NRTIs). The switch to the required treatment regimen was done at least 3 months before the first sampling time point (T1, see Figure 1 ). Viral rebound was defined as 1 measurement with >1000 HIV RNA copies/ml or 2 consecutive measurements with >200 HIV RNA copies/ml. Randomization was not relevant for this study design. HIV-1 subtype was defined using the Smartgene Integrated Database Network System' (Smartgene, Lausanne, Switzerland) and viral tropism was assessed with the Web PSSM tool provided by the Mullins lab, University of Washington (Jensen et al., 2003) .
Clinical Study Design And Sample Collection
A screening blood analysis (3 x 9ml EDTA tubes) was performed to assess eligibility based on general biological markers including CD4 count and viral load suppression before enrollment in the first part of the study. The total HIV-1 DNA levels in PBMCs was assessed using ddPCR (Kiselinova et al., 2016) .
Under cART (T1) participants underwent in-depth sampling consisting of lumbar puncture (LP), bone marrow (BM) aspirate, inguinal lymph node resection, bronchoscopy with bronchoalveolar lavage (BAL), gastroscopy and colonoscopy, leukapheresis, urine and vaginal fluid/sperm collection. Participants were admitted at the day-clinic of Ghent University Hospital and procedures took place consecutively. LP with collection of 100 droplets cerebrospinal fluid was done before short narcosis. Under narcosis, a BM aspirate at the posterior superior iliac crest was performed collecting 12ml in a 20ml syringe prefilled with 1 ml of heparine to prevent clotting. Afterwards a gastroscopy and colonoscopy were performed collecting punch biopsies of 3-4mm each at 3 sites (10 duodenal biopsies, 10 ileum biopsies and 20 colon biopsies). An inguinal lymph node excision (1-2 nodes) was performed after ultrasound localization and a BAL concluded the sampling procedures. The lavage was done with physiological water aiming for a 50ml recuperation after aspiration. Leukapheresis was done within one week of the in-depth sampling (+/-3 days) and in function of participants' availability. The leukapheresis was not combined with the other sampling procedures because of an increased bleeding risk due to potential thrombocytopenia related to the procedure. We collected an average of 5 billion PBMCs and 100ml plasma. A urine sample and semen sample were collected. Vaginal fluid collection was done at the gynecology department.
If there were medical contraindications for any of the proposed interventions, they were left out or replaced (e.g. peripheral blood draw instead of leukapheresis). If abnormalities were reported during the exams, this was communicated to the participants and adequate follow-up was arranged for.
Approximately 3 months after the initial sampling, STAR 2 to STAR 12 underwent a monitored analytical treatment interruption (ATI). A second screening blood analysis was done before the ATI to ensure that the inclusion criteria were still met. Blood draws were organized twice per week with strict follow-up of viral load and CD4 count. Participants were also interrogated on clinical symptoms related to the treatment stop. A second leukapheresis was done between day 8 and day 15 after the treatment stop (T2). At viral rebound (>1000 copies/ml or 2 consecutive measurements with >200 HIV RNA copies/ml) a less extensive sampling of blood (12x 9ml EDTA tubes), cerebrospinal fluid, urine and genital fluids was performed (T4). Treatment was immediately restarted and a follow-up blood sample was taken after 1 month to assess viral response to re-initiation of the therapy. The study was finalized and transferred to ultracentrifuge tubes (Optiseal). (Dahl et al., 2014; Palmer et al., 2003) . After centrifugation the supernatant was removed and RNA was extracted using an in-house protocol. First TrisHCL pH8 and proteinase K were added to the pellet and incubated at 56 C for 30 min. After that Guanidium thiocyanate and Glycogen were added. After 15 min Isopropanolol was added and the sample was centrifuged for 30 min. Supernatant was then removed and two washing steps with ethanol 70% followed. cDNA was generated using SuperScript III Reverse Transcriptase after adding dNTPs (PCR nucleotide mix) and gene-specific primers (E115 for env) to the dissolved pellet. All reactions without reverse transcriptase step (no RT controls) were negative, excluding contamination by cellular debris. DNA and cDNA were serially diluted and nested PCR primers specific to the HIV env region were used to obtain PCR products derived from single HIV-1 DNA molecules (i.e. at the first dilution for which %30% positive reactions per cell type are observed). Additional PCRs were performed at the target dilution to obtain 30-40 single proviral sequences where possible. The following primers were used for amplification: Round 1 forward (E20) 5 0 -GGGCCACACATGCCTGTGTACCCACAG-3 0 and reverse (E115) 5 0 -AGAAAAATTCCCCTCCACAATTAA-3 0 ; round 2, forward (E30) 5 0 -GTGTACCCACAGACCCCAGCCCACAAG-3 0 and reverse (E125) 5 0 -CAATTTCTGGGTCCCCTCCTGAGG-3 0 . The Platinum Taq PCR polymerase and reaction mix were used. For round 1 of PCR, the following thermocycler parameters were used: 94 C for 2 min, 94 C for 30 s, 50 C for 30 s, 72 C for 1 min, 44 cycles of steps 2-4 and 72 C for 3 min. For round 2 of PCR, the following thermocycler parameters were used: 94 C for 30 s, 55 C for 30 s, 72 C for 1 min, 41 cycles of steps 1-3 and 72 C for 3 min. Read-out of positive reactions was done using E-gel 96 well 1% agarose. The PCR products representing single HIV-1 sequences were sequenced using Sanger sequencing (Australian Genome Research Facility, Sydney, Australia).
QUANTIFICATION AND STATISTICAL ANALYSIS
Phylogenetic Analysis
Low-quality sequences (rejecting sequences using a mean quality score of Q20 (Ewing and Green, 1998) ), potential mixtures and defective sequences were eliminated such that only high-quality contigs were used for further analysis (Table S3 ). Contigs were generated from the raw sequencing data using an in-house computer program written in Perl scripting language (available upon request). Sequences were aligned using MUSCLE (Edgar, 2004) in MEGA7 (http://www.megasoftware.net/) and several tools were used to eliminate potentially defective sequences (G-A Hypermutated sequences identified by the Hypermut tool; quality control tool detecting frameshifts and stop codons, available at: http://www.hiv.lanl.gov) and by visually inspecting the amino-acid sequences for premature stop codons. These procedures were consistently applied in order to only further explore intact sequences within the V1-V3 region. Neighbor joining trees were constructed including a reference HIV-1 subtype B sequence and positive controls to exclude lab contaminations and inter-participant cross-contamination. Proviral sequences obtained from cell subsets at T2 and T4 and CSF derived sequence data were excluded from downstream analyses respectively because of the risk of reinfection bias after ATI and because of their low overall abundance.
For each participant, the sequence data were aligned using TranslatorX (Abascal et al., 2010) or MAFFT (Katoh and Standley, 2013) and manually edited in AliView (Larsson, 2014) . There were clear indications for superinfection of one participant (STAR6), and the rebound dynamics were independently investigated for both lineages (hereafter named clades A and B), which clustered in monophyletic groups with 100% support. We only show the phylogenies of the variant that contributed to virus rebound. Recombinant sequences and their parents were identified with RDP4 (Martin et al., 2015) . We attempted to preserve an as large as possible dataset by either excluding the recombinant sequences or the major or minor parental sequences. Recombinant groups that were removed from the main alignment but that included rebound viruses were interrogated separately. Evolutionary relationships between the virus isolates was estimated with maximum likelihood (ML)methods implemented in PhyML v3.0 (Guindon and Gascuel, 2003) . The substitution process was modelled as an HKY+ G process (Yang, 1994) and tree space was searched using the best of NNI and SPR rearrangements. To quantify the contribution of cell subsets and anatomical compartments to rebounding viruses, we computed estimates of the posterior expected number of times (Markov jumps) that each cell subset and compartment seeded rebound virus detected during ATI through stochastic mapping techniques (Minin and Suchard, 2008a; Minin and Suchard, 2008b ) from the ML trees.
We performed phylogenetic association using BaTS (Parker et al., 2008) to assess the level of gene flow between anatomical compartments (blood, plasma, central nervous system, lymph node and gut) and between time points (T0, T1, T2, T3 and T4). This analysis is based on the phylogenetic association value (Wang et al., 2001 ) a measure of the degree of clustering by trait that can be rescaled in to a phylogenetic association index by dividing them by phylogenetic association values obtained for randomized traits on trees. This ratio takes on values between 0 (absolute clustering by trait) and 1 (randomized clustering by trait). The expectations for the Association index (AI) under the null hypothesis of panmixia were obtained from 1000 taxon-character randomisations, and were compared against the phylogeny-trait association measured from 500 phylogenies sampled at regular intervals from the post-burn-in posterior distribution. The latter was estimated with MrBayes v3.6.2 (Ronquist et al., 2012) , specifying a HKY+G substitution model (Yang, 1994) and the default (unconstrained) priors on the topology and branch lengths. Mixing and convergence properties of the Markov chain were investigated with Tracer (https://github.com/beast-dev/tracer/releases/tag/v1.7.1).
Details on the data subsetting and filtering steps and the analyses performed on each data set are provided in Table S3 . Phylogenies were visualized with FigTree v.1.4.3 (http://beast.community/figtree) or iTol v.3 (Letunic and Bork, 2016) As a graphical representation alternative to maximum likelihood trees, one haplotype network was created per participant using the median-joining method (Bandelt et al., 1999) in NETWORK v.5.0.0.3 (available at http://www.fluxus-engineering.com) and plotted with the R function ''networkGraph'' available with the toolbox SPADS 1.0 (Dellicour and Mardulyn, 2014) (Figure S2 ). In these figures, each haplotype (i.e. unique sequence) is represented by a circle, the size of which is proportional to its overall sampling frequency in a given participant. The genetic relatedness between haplotypes are represented by lines. Each line segment in the networks represents a single mutational change, or multiple changes when the line is annotated by a number indicating the number of mutations. SPADS (Dellicour and Mardulyn, 2014) was also used to compute the nucleotide diversity (Nei and Li, 1979) within different sequence subsets ( Figure S3 ).
Statistical Analysis
The sample size of this study (11 participants after exclusion, approximately >400 sequences per participant) was not determined by a sample size calculation. Rather the number of participants was limited by availability and eligibility, and the number of sequences per participant was cost and resource limited. A-prior power calculations were not possible primarily due to the unknown level of variability across participants.
For determining the sequences which were 100% genetically identical, we used Biopython to read and compare the pairwise distance between each HIV-1 env sequence within each participant's sequence alignment (Cock et al., 2009) . The sequence alignment is the input file for our in-house Biopython script and within this sequence alignment each HIV-1 env sequence has an unique identifier. The Biopython script generates an output file that lists those sequences with 100% genetic identity by their unique sequence identifier. We did not find any discrepancy when the results from the Biopython script were compared to the ElimDupes tool from Los Alamos HIV database using 100% genetic identity as the analysis parameter (https://www.hiv.lanl.gov/content/sequence/ ELIMDUPES/ElimDupesExplain.html). A sequence was classified as identical if it was a 100% match against another sequences sampled from the same time point, anatomical compartment, cells subset and participant. Once identified, the proportion of identical sequences was calculated as the total number of sequences classified as identical for that group, divided by the total number of sequences for that group. ElimDupes 99% identity mentioned in this manuscript is in fact >99% which includes 99.5%, 99.9% and 100% genetic identity.
Multivariable logistic regression carried out in R version 3.4.1 using function glm, was used to compare the proportion of sequences that were intact, identical (clonal), and identical to rebound. The independent variables in these analyses were participant, cell subset, cell subset with TEM and TCM subsetted amongst anatomical locations, anatomical location, and time point of plasma collection (when appropriate). Anatomical location and cell subset frequently could not be included both due to codependency. Effect modification between an independent variable and participants was frequently strong, however models including this effect modification were unstable with poor standard errors on parameter estimates due to low sample sizes in some participant and cell subset combinations. Considering this, comparisons across subsets of the independent variable were made without considering the effect modification. Additionally, 11 participants is too limited to make population wide inferences. Therefore p-values comparing subsets of an independent variable should be interpreted as evidence for average effects within participants of this sample, rather than an indicator of evidence for population wide trends. To avoid the impact of large expansions on the proportion of identical sequences to rebound virus, clusters of identical sequences were reduced to a single sequence per subset. This reduces variability considerably, but also decreases the statistical power by reducing the number of sequences. In conducting this analysis, the TCM-derived sequences from the blood and LN were pooled and the TEM-derived sequences from the blood and LN were combined to increase sample size as there is no evidence for compartmentalization between these compartments.
The number of cells positive for HIV within a PCR/sequencing replicate was calculated as the proportion of wells positive for HIV by PCR multiplied by the proportion of sequences sequenced from the plate that were truly positive for HIV (defined as high quality forward and reverse sequences, excluding potential mixtures). For 96-well plates with no positive wells, the number of cells positive for HIV was considered as zero. Plates with positive wells of which none were sent for sequencing were excluded; these generally had too many wells positive to be informative. Estimating the true proportion of cells positive based on the Poisson distribution for these plates did not impact the results. The number of cells positive for HIV within a PCR/sequencing replicate, along with the total number of cells used within that dilution were used to estimate the proportion of cells infected with HIV. To compare the proportion of cells infected with HIV across independent variables, a logistic regression was carried out as above with the same strategy for effect modification. Odds ratios of comparisons and their confidence intervals were calculated using the General Linear Hypotheses function (glht) from R package multcomp (Hothorn Torsten and Peter, 2008); ''Presented p-values are not corrected for multiple comparisons. This is because calculated p-values (included and notincluded in this manuscript) are not independent, and so multiple comparison methods would be overly conservative and bias results towards null effects. To aid interpretation this manuscript has three primary outcomes (proportion of genetically identical virus sequences; infection frequency; and proportion of sequences identical to virus found in rebound plasma) which are compared across three variables (participants, cellular subsets, and anatomical locations) making a total of 3x3=9 primary comparisons. Importantly these comparisons are not independent as all outcome and predictor variables are frequently highly correlated. We advise the reader to interpret P-value results not on a statistical significance cut-off, but rather as one aspect of a level of evidence against null effects. Further assistance in interpreting p-values can be found in references (Betensky, 2019; Wasserstein et al., 2019) .
